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Abstract

Crop diseases remain one of the leading causes of reduced agricultural productivity and
economic losses worldwide. Early and accurate disease detection is essential for improving
crop health, ensuring food security, and promoting sustainable farming practices. Recent
advances in Artificial Intelligence (AIl), particularly in Machine Learning (ML), Deep
Learning (DL), and computer vision, have transformed the way crop diseases are identified
and monitored [1]-[3]. Al-based systems can analyze images of plant leaves, stems, fruits,
and other plant parts to detect diseases with high accuracy while minimizing the need for
expert intervention [1], [2]. Convolutional Neural Networks (CNNs), transfer learning,
Vision Transformers (ViTs), and hybrid AI models have demonstrated significant
improvements in disease classification, severity estimation, and real-time diagnosis across
various crop species [1]-[4]. Furthermore, integrating Al with Internet of Things (IoT)
devices, unmanned aerial vehicles (UAVs), and smartphone-based applications has enabled
continuous field monitoring and precision agriculture [3], [5]. Despite these advancements,
challenges such as limited annotated datasets, varying environmental conditions, model
interpretability, computational requirements, and deployment in resource-constrained
agricultural settings continue to hinder large-scale adoption [4], [5]. This review presents a
comprehensive overview of Al techniques for crop disease detection, summarizes commonly
used datasets and evaluation metrics, discusses recent developments, and highlights current
challenges and future research directions. The study emphasizes the growing role of
explainable Al, multimodal learning, federated learning, and edge intelligence in developing
scalable, reliable, and accessible crop disease detection systems that support sustainable
agricultural practices and global food production [3]-[5].

Keywords: Artificial Intelligence (Al) , Crop Disease Detection ,Machine Learning ,Deep
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I. Introduction and Background

Agriculture plays a fundamental role in ensuring global food security and supporting the
livelihoods of billions of people. However, crop diseases continue to pose a major challenge
to agricultural productivity, causing significant reductions in crop yield, quality, and farmers'
income. According to the Food and Agriculture Organization (FAO), plant diseases and pests
are responsible for the loss of up to 40% of global crop production annually, resulting in
substantial economic and environmental impacts [6]. Traditional methods of crop disease
diagnosis rely primarily on visual inspection by agricultural experts, laboratory testing, and
farmers' experience. Although these methods can be effective, they are often time-
consuming, labor-intensive, subjective, and difficult to implement on a large scale,
particularly in remote and resource-limited regions [7].
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The rapid advancement of Artificial Intelligence (Al) has introduced innovative solutions for
automated crop disease detection. Al technologies, including Machine Learning (ML), Deep
Learning (DL), and computer vision, enable computers to analyze images of leaves, stems,
fruits, and other plant parts to accurately identify disease symptoms. Among these
techniques, Convolutional Neural Networks (CNNs) have achieved remarkable success in
image classification and disease recognition by automatically learning complex visual
features from large datasets [7], [8]. More recently, advanced approaches such as transfer
learning, Vision Transformers (ViTs), and ensemble learning have further improved detection
accuracy while reducing computational requirements and training time [9].
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Figure: Al pipeline for crop disease detection

The integration of AI with Internet of Things (IoT) sensors, unmanned aerial vehicles
(UAVs), drones, and smartphone-based applications has expanded the scope of precision
agriculture by enabling continuous crop monitoring and real-time disease diagnosis [10].
These intelligent systems help farmers detect diseases at an early stage, optimize pesticide
usage, reduce production costs, and improve crop management decisions. Nevertheless,
challenges such as limited labeled datasets, varying environmental conditions, model
interpretability, computational complexity, and deployment in real-world agricultural
environments continue to affect the widespread adoption of Al-based disease detection
systems [11]. This review provides an overview of recent developments in Al-driven crop
disease detection, discusses existing methodologies, identifies current challenges, and
highlights future research directions for developing reliable, scalable, and sustainable
agricultural solutions.

II. Literature Review

Artificial Intelligence (Al) has rapidly emerged as a promising technology for automated crop
disease detection, offering accurate, fast, and cost-effective alternatives to traditional disease
diagnosis. Early research primarily employed conventional machine learning algorithms,
such as Support Vector Machines (SVM), Decision Trees, Random Forests, and k-Nearest
Neighbors (k-NN), using handcrafted image features including color, texture, and shape.
Although these approaches achieved satisfactory performance under controlled conditions,
they were often sensitive to illumination changes, background complexity, and variations in
disease symptoms [12], [13].
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The introduction of deep learning significantly transformed crop disease detection. Mohanty
et al. demonstrated that Convolutional Neural Networks (CNNs) trained on the PlantVillage
dataset could accurately classify multiple crop diseases, establishing a benchmark for image-
based plant disease recognition [14]. Ferentinos further improved classification accuracy by
evaluating several deep learning architectures, including AlexNet, VGGNet, and GoogLeNet,
reporting accuracies exceeding 99% on publicly available datasets [15]. Subsequent studies
by Barbedo highlighted the importance of dataset diversity, field-acquired images, and
transfer learning to improve model generalization and practical applicability under real
agricultural conditions [16], [17].

Between 2020 and 2023, researchers increasingly focused on transfer learning, lightweight
CNN models, Vision Transformers (ViTs), YOLO-based object detection, and ensemble
learning to enhance both detection accuracy and computational efficiency [18]—[21]. These
techniques enabled real-time disease identification on smartphones, drones, and edge devices,
supporting precision agriculture applications. Integration of Al with Internet of Things (IoT)
sensors, unmanned aerial vehicles (UAVs), and cloud computing further enabled continuous
crop monitoring and early disease diagnosis [22], [23]. Recent review studies also
emphasized explainable Al (XAI), image segmentation, multimodal learning, federated
learning, and edge intelligence as emerging research directions for improving model
transparency, scalability, and deployment in resource-constrained environments [24], [25].

Despite substantial progress, several challenges remain unresolved. Most Al models rely on
large annotated datasets collected under controlled conditions, limiting their performance in
real agricultural environments where lighting conditions, background noise, and multiple
disease symptoms vary considerably [16], [24]. Future research should therefore focus on
developing robust, explainable, lightweight, and scalable Al systems capable of operating
across diverse crops and environmental conditions while supporting sustainable and precision
agriculture [25].

ITI. AI Techniques for Crop Disease Detection

Artificial Intelligence (Al) has revolutionized crop disease detection by enabling automated
analysis of plant images and supporting timely disease diagnosis. Various Al techniques,
including Machine Learning (ML), Deep Learning (DL), Convolutional Neural Networks
(CNNs), Vision Transformers (ViTs), and Transfer Learning, have demonstrated remarkable
performance in identifying diseases across different crops.

TN Artificial

g Intelligence

1

Deep

Learning

- ! 1 1

(CNN)

Figure: Al techniques for crop disease detection

Traditional Machine Learning (ML) methods, such as Support Vector Machines (SVM),
Random Forest (RF), Decision Trees (DT), and k-Nearest Neighbors (k-NN), classify plant
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diseases using handcrafted features extracted from leaf images, including color, texture, and
shape. Although these techniques require feature engineering and perform well on small
datasets, their effectiveness decreases under varying environmental conditions and complex
backgrounds [12], [22].

Deep Learning (DL) has significantly improved disease detection by automatically learning
hierarchical image features. Among DL models, Convolutional Neural Networks (CNNs)
have become the most widely used due to their superior image classification capability.
Popular CNN architectures, including AlexNet, VGGNet, ResNet, DenseNet, InceptionNet,
and EfficientNet, have achieved classification accuracies exceeding 95% on benchmark
datasets such as PlantVillage [13], [14]. CNN-based approaches also support disease severity
estimation, lesion segmentation, and real-time diagnosis.
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Figure: CNN Architecture for Plant Disease Detection

To overcome the limitations of training deep networks from scratch, Transfer Learning
utilizes pretrained models trained on large-scale datasets such as ImageNet. Fine-tuning these
models reduces computational cost, shortens training time, and improves performance,
particularly when agricultural datasets are limited [15]. MobileNet and EfficientNet have
further enabled deployment on smartphones and edge devices for field-based diagnosis.

Recently, Vision Transformers (ViTs) have emerged as a powerful alternative to CNNs by
employing self-attention mechanisms to capture long-range spatial relationships within plant
images. ViTs demonstrate improved robustness under varying illumination and complex field
conditions, especially when trained on large datasets [16]. Hybrid CNN-ViT architectures,
explainable Al (XAI), and multimodal frameworks integrating UAV imagery, [oT sensors,
and hyperspectral imaging are increasingly being explored to enhance disease detection
accuracy and support precision agriculture [17]. These advances are expected to improve the
scalability, reliability, and practical deployment of Al-based crop disease detection systems.

IV. Challenges and Limitations

Despite remarkable progress, Al-based crop disease detection still faces several challenges
that limit its practical deployment. A major issue is the scarcity of large, diverse, and
accurately annotated datasets, as most publicly available datasets, such as PlantVillage, are
collected under controlled conditions and do not adequately represent real-field
environments. Model performance is also affected by variations in lighting, background,
disease severity, and crop species, reducing generalization across different agricultural
settings. Advanced deep learning models, including CNNs and Vision Transformers (ViTs),
require substantial computational resources, making deployment on edge devices and
smartphones challenging [14]. In addition, the black-box nature of many AI models limits
their interpretability, reducing user trust and practical adoption. Explainable Al (XAI)
techniques are being explored to improve transparency. Data privacy concerns, limited
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connectivity, and the lack of standardized evaluation benchmarks further hinder large-scale
implementation, emphasizing the need for robust datasets, lightweight models, and scalable
edge Al solutions.

V. Conclusion

Artificial Intelligence (AI) has revolutionized crop disease detection by enabling rapid,
accurate, and automated diagnosis through Machine Learning, Deep Learning, CNNs, Vision
Transformers, and Transfer Learning. Integration with [oT devices, drones, smartphones, and
remote sensing supports real-time monitoring, early disease identification, optimized
pesticide use, and improved crop productivity. However, challenges such as limited annotated
datasets, poor field generalization, high computational costs, and limited model
interpretability remain. Future research should focus on explainable Al lightweight edge-
based models, multimodal and federated learning, self-supervised techniques, and
standardized datasets. These advancements will strengthen precision agriculture, improve
food security, and promote environmentally sustainable farming worldwide.

V1. Future Research Directions

Future research should focus on developing robust, explainable, and lightweight Al models
capable of accurate crop disease detection under diverse field conditions. Building large,
diverse annotated datasets and adopting Explainable AI (XAI), Vision Transformers (ViTs),
multimodal learning, and hybrid architectures can improve model reliability and
interpretability. Edge Al, IoT integration, UAVs, hyperspectral imaging, federated learning,
and self-supervised learning will enable real-time, privacy-preserving disease monitoring.
Standardized benchmarks and interdisciplinary collaboration are essential for developing
scalable, affordable, and farmer-friendly precision agriculture solutions.

References

[1] S. P. Mohanty, D. P. Hughes, and M. Salathé, "Using deep learning for image-based plant
disease detection," Frontiers in Plant Science, vol. 7, p. 1419, 2016.

[2] K. P. Ferentinos, "Deep learning models for plant disease detection and diagnosis,"
Computers and Electronics in Agriculture, vol. 145, pp. 311-318, 2018.

[3] A. Kamilaris and F. X. Prenafeta-Boldt, "Deep learning in agriculture: A survey,"
Computers and Electronics in Agriculture, vol. 147, pp. 70-90, 2018.

[4]J. G. A. Barbedo, "Impact of dataset size and variety on the effectiveness of deep learning
and transfer learning for plant disease classification," Computers and Electronics in
Agriculture, vol. 153, pp. 4653, 2018.

[5] J. G. A. Barbedo, "Plant disease identification from individual lesions and spots using
deep learning," Biosystems Engineering, vol. 180, pp. 96-107, 2019.

[6] Food and Agriculture Organization (FAO), The State of Food and Agriculture, Rome,
Italy: FAO, 2022.

https://ijerst.org/index.php/ijerst 3100



https://ijerst.org/index.php/ijerst

Int.]. Engg. Res. & Sci. & Tech. 2025 %L International Journal of Engineering Research and Science & Technology

[7] S. P. Mohanty, D. P. Hughes, and M. Salathé, "Using deep learning for image-based plant
disease detection," Frontiers in Plant Science, vol. 7, p. 1419, 2016.

[8] K. P. Ferentinos, "Deep learning models for plant disease detection and diagnosis,"
Computers and Electronics in Agriculture, vol. 145, pp. 311-318, 2018.

[9] J. G. A. Barbedo, "Plant disease identification from individual lesions and spots using
deep learning," Biosystems Engineering, vol. 180, pp. 96—-107, 2019.

[10] A. Kamilaris and F. X. Prenafeta-Bolda, "Deep learning in agriculture: A survey,"
Computers and Electronics in Agriculture, vol. 147, pp. 70-90, 2018.

[11] J. G. A. Barbedo, "Factors influencing the use of deep learning for plant disease
recognition," Biosystems Engineering, vol. 172, pp. 84-91, 2018.

[12] A. Kamilaris and F. X. Prenafeta-Bolda, "Deep learning in agriculture: A survey,"
Computers and Electronics in Agriculture, vol. 147, pp. 70-90, 2018.

[13] J. G. A. Barbedo, "Factors influencing the use of deep learning for plant disease
recognition," Biosystems Engineering, vol. 172, pp. 84-91, 2018.

[14] S. P. Mohanty, D. P. Hughes, and M. Salathé, "Using deep learning for image-based
plant disease detection," Frontiers in Plant Science, vol. 7, p. 1419, 2016.

[15] K. P. Ferentinos, "Deep learning models for plant disease detection and diagnosis,"
Computers and Electronics in Agriculture, vol. 145, pp. 311-318, 2018.

[16] J. G. A. Barbedo, "Impact of dataset size and variety on the effectiveness of deep
learning and transfer learning for plant disease classification," Computers and Electronics in
Agriculture, vol. 153, pp. 4653, 2018.

[17] J. G. A. Barbedo, "Plant disease identification from individual lesions and spots using
deep learning," Biosystems Engineering, vol. 180, pp. 96-107, 2019.

[18] A. Too, S. Yujian, N. Njuki, and L. Yingchun, "A comparative study of fine-tuning deep
learning models for plant disease identification," Computers and Electronics in Agriculture,
vol. 161, pp. 272279, 2019.

[19] M. T. Islam, A. Ashiquzzaman, M. R. Islam, and T. S. Kim, "Plant disease detection
using deep learning and transfer learning techniques: A review," IEEE Access, vol. 9, pp.
162121-162145, 2021.

[20] A. Dosovitskiy et al., "An image is worth 16x16 words: Transformers for image
recognition at scale,”" in Proc. International Conference on Learning Representations (ICLR),

2021.

[21] G. Jocher et al., "YOLOVS," Ultralytics, GitHub Repository, 2020.

https://ijerst.org/index.php/ijerst 3101



https://ijerst.org/index.php/ijerst

Int. J. Engg. Res. & Sci. & Tech. 2025 %L International Journal of Engineering Research and Science & Technology

[22] A. Kamilaris, A. Kartakoullis, and F. X. Prenafeta-Boldu, "A review on the practice of
big data analysis in agriculture," Computers and Electronics in Agriculture, vol. 143, pp. 23—
37,2017.

[23] P. Sharma, M. Hans, and S. C. Gupta, "Classification of plant leaf diseases using
machine learning and IoT: A review," Journal of King Saud University—Computer and
Information Sciences, vol. 35, no. 1, pp. 1-17, 2023.

[24] M. T. Ribeiro, S. Singh, and C. Guestrin, "Why should I trust you? Explaining the
predictions of any classifier," in Proc. 22nd ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, pp. 11351144, 2016.

[25] S. Kairouz et al., "Advances and open problems in federated learning," Foundations and
Trends® in Machine Learning, vol. 14, no. 1-2, pp. 1-210, 2021.

https://ijerst.org/index.php/ijerst 3102



https://ijerst.org/index.php/ijerst

